A Bayesian method is presented for simultaneously segmenting and reconstructing emission computed tomography (ECT) images and for incorporating high-resolution, anatomical information into those reconstructions. The anatomical information is often available from other imaging modalities such as computed tomography (CT) or magnetic resonance imaging (MRI). The Bayesian procedure models the ECT radiopharmaceutical distribution as consisting of regions, such that radiopharmaceutical activity is similar throughout each region, and it estimates the number of regions, the mean activity of each region, and the region classi cation and mean activity of each voxel. Anatomical information is incorporated by assigning higher prior probabilities to ECT segmentations that more nearly resemble an anatomical segmentation. This approach is e ective because anatomical tissue type often strongly in uences radiopharmaceutical uptake. The Bayesian procedure is evaluated using physically acquired single-photon emission computed tomography (SPECT) projection data and MRI for the three-dimensional Ho man brain phantom. A clinically realistic count level is used. A cold lesion within the brain phantom is created during the SPECT scan but not during the MRI to demonstrate that the estimation procedure can detect ECT structure that is not present anatomically.
Introduction
Single-photon emission computed tomography (SPECT) and positron emission tomography (PET) | which together comprise emission computed tomography (ECT) | are important scienti c and medical imaging techniques that measure in vivo distributions of radiolabeled pharmaceuticals. The radiopharmaceutical distribution conveys biochemical and physiological information that often cannot be obtained from other imaging modalities, such as magnetic resonance imaging (MRI) or computed tomography (CT). However, ECT has low resolution compared to MRI and CT, and it is noisy. In part to address these noise and resolution problems, this paper proposes a Bayesian method for simultaneously segmenting and reconstructing ECT images. The method assumes that, for purposes of ECT imaging, the radiopharmaceutical distribution can be usefully modeled as consisting of regions, such that all voxels within a region have similar activities. The Bayesian procedure estimates the number of regions, the mean activity of each region, and the region classi cation and mean activity of each voxel. An important feature of the method, emphasized in this paper, is its ability to incorporate high-resolution anatomical information, which is available from MRI and CT, into the reconstruction of ECT images.
Development of Bayesian and related approaches to reconstructing ECT images began in large part following the introduction of a maximum-likelihood | expectation-maximization (ML-EM) algorithm for ECT 1, 2] . Two important aspects of this ML-EM framework are that it accurately models the statistics of ECT photon detection and that it facilitates accurate modeling of physical factors a ecting ECT imaging | including spatially-varying detector resolution, non-uniform attenuation, and scatter. However, because ECT reconstruction is ill-conditioned, ML-EM images become excessively noisy at higher iterations, as the ML solution is better approximated. One approach to reducing noise is to start with a smooth image and terminate ML-EM reconstruction before noise becomes too severe 3, 4, 5, 6] . Alternatively, constraints may be placed on the estimated image. Such approaches include the method of sieves 7], penalized maximum likelihood 8, 9] , and Bayesian reconstruction 10, 11, 12, 13, 14, 15, 16, 17] . Within the Bayesian framework, the prior density for the image is generally speci ed via Gibbs distributions 18, 19] . Several proposed Gibbs priors assign higher potentials (lower probabilities) as a voxel's intensity di ers more from that of its nearest neighbors. To alleviate smoothing across true intensity changes, these potentials may be bounded or slowly increasing 10, 12, 13, 16] . Another approach to modeling true intensity changes is to introduce line sites between voxels 19, 15] . The line-site random variables might have two discrete values, 0 and 1, or might be continuously valued between 0 and 1. When they are 1, the prior probability is independent of the relative intensities of the two voxels, and the discrimination against intensity changes is turned o . Gibbs distributions have also been considered that assign higher probability when a voxel's intensity is closer to one of several speci ed intensity levels 14] .
The explicit use of region identi ers rather than line sites has been proposed by Johnson 20] . In this model, the image is partitioned into regions of approximately uniform activity, and lower prior probabilities are assigned to images in which voxel intensities depart more from region mean intensities. Prior distributions are also placed on region shapes and on the number of regions. For the case of independent observations in the image space, procedures were derived for estimating the number of regions, the mean intensity of each region, and region membership and mean intensity of each voxel 20] . In the present paper, this approach is extended to the case of observations that are projection data rather than voxel emissions, and an estimation procedure appropriate for ECT is developed.
The above prior distributions implement the general idea that nearby voxels tend to have similar intensities, unless they straddle a border between regions of smoothly varying intensity. Stronger a priori information, on speci c locations of those borders, can be obtained from high-resolution anatomical images. Anatomical tissue type is one of the most in uential factors a ecting radiopharmaceutical concentration, because di erent tissue types have dif-ferent blood ow, blood volume, metabolic rates, physiological function, etc. Consequently, a segmentation, of the brain for example, into di erent tissue types may strongly resemble a segmentation into di erent levels of radiopharmaceutical uptake, and an anatomical segmentation obtained from MRI or CT can provide important prior information about the ECT segmentation.
Many types of ECT imaging exhibit strong correlations between anatomy and radiopharmaceutical uptake, including metabolic studies with uorine-18 2-uorodeoxyglucose (FDG), cerebral blood ow studies with technetium-99m HMPAO for SPECT or oxygen-15 water for PET, and myocardial perfusion studies with technetium-99m sestamibi for SPECT and nitrogen-13 ammonia for PET. As a speci c example, consider ECT cerebral blood ow scans. In such scans, the baseline gray matter radiopharmaceutical concentration is about four times the baseline white matter concentration. One application of these scans is for brain stimulation studies, in which the patient is presented stimuli, such as verbal communication or a picture, and stimulated portions of gray matter have increased blood ow and greater radiopharmaceutical concentration than the baseline level. These areas of increased radiopharmaceutical concentration (hot spots) are visible in the ECT image, but they appear the same as any other portion of gray matter with MRI. Hence, the ECT segmentation is similar to the MRI segmentation, because the ECT baseline concentrations change primarily at borders between gray and white matter, but there are also di erences between the two segmentations, because in the ECT image, some portions of gray matter are hotter than the baseline and should be represented by their own regions. Cerebral blood ow studies are also used to evaluate arterial stenosis and occlusions, which appear as areas of decreased radiopharmaceutical accumulation (cold spots), and relationships arise between anatomy and radiopharmaceutical concentration which are similar to those for brain stimulation studies.
Within the line-site framework there have been several proposals for utilizing anatomical information in reconstructions of ECT data 21, 22, 23, 24, 25, 26] . In the present region-labeling approach, anatomical information is incorporated by assigning higher prior probabilities to ECT segmentations that are more similar to the anatomical segmentation 27].
ECT image reconstruction must be e ective in estimating di erences between ECT and anatomical segmentations. The Bayesian procedure presented here allows for modi cations in the shapes and sizes of ECT regions, including distortions of ECT boundaries relative to anatomical boundaries, and it allows for creation of new regions, such as hot or cold spots in cerebral blood ow studies.
The method is evaluated using SPECT and MRI scans of the three-dimensional Ho man brain phantom. This phantom implements a radiopharmaceutical distribution typical of cerebral blood ow studies. A clinically realistic count level is used. Part of the evaluation involves placing rubber plugs in the phantom during the SPECT scan to simulate a cold lesion. The plugs are not present during the MRI and are not indicated in the anatomically derived prior for the SPECT segmentation. The reconstruction procedure successfully detects the lesion and accurately estimates its volume and the corresponding total activity reduction.
This approach to reconstructing ECT data is also discussed in 28].
The Statistical Model

A Model for Image Generation
The present work incorporates a statistical model 20] for images based on the assumption that the image can be approximated by a set of nearly uniform emission volumes, or regions. Regions are distinguished from one another by mean intensity and by spatial separation. Neither the number of regions nor the region classi cations of individual voxels are assumed known a priori, and both are estimated as part of image restoration or reconstruction. 
In Equation 3 , nprior is the number of a priori regions, and K is the number of ECT regions. To understand the e ects of V A (R), consider Figure 1 . Contributions to V A (R) from a priori region 4 are negative for ECT regions 22 and 50, since these two ECT regions have more than half their voxels in a priori region 4. ECT region 3 has most of its voxels outside a priori region 4, so ? Relative to the V A (R) when the white voxel is hypothetically not assigned to any region, adding it to ECT region 3 will leave min 0; ? 4 3 ] and V A (R) unchanged, since ? 4 3 will still be positive, but adding the white voxel to either ECT region 22 or 50 will decrease V A (R) by and thus increase the prior probability. Hence the prior encourages voxels in a priori region 4 to belong to ECT regions that are primarily within a priori region 4. Note that the prior gives equal probability for the white voxel belonging to either ECT region 22 or 50. Next consider the black voxel. Adding it to ECT region 22 will increase ? 4 22 and thus V A (R). That is, the prior discourages voxels outside a priori region 4 from belonging to ECT regions that are primarily within a priori region 4. Combined, the examples with the white and black voxels indicate that the anatomical prior assigns higher probabilities to ECT segmentations in which unions of ECT regions corresponding to individual a priori regions. This conveys our prior knowledge that signi cant changes in radiopharmaceutical concentration are expected at anatomical borders but also that there may be several activity levels within a given anatomical tissue type.
A Model for Emission Tomography
To apply the hierarchical model of Equation 2 to ECT, the distribution Q nvox i=1 p(ñ i j i ) for voxel observationsÑ is replaced by Q nbin j=1 p(y j j ), where Y fy j : j = 1; nbing designates ECT projection data. The components of Y form a set of independent Poisson variates 1, 2, 3] with means B fb j : j = 1; nbing. For SPECT, the relation between and B arises as follows: There are one to three two-dimensional gamma cameras, each with a rectangular grid of perhaps 128 64 data-collection bins | each bin can be considered an independent detector. The cameras count photons at typically 120 angles around the patient. The total number of measurements is nbin = 128 64 120. Di erent angles of data are acquired at di erent times. Let t j be the time at which y j is acquired, H be the radiopharmaceutical half-life, and represent mean voxel activities at time zero. Let S = fs j : j = 1; nbing be the mean number of detected, scattered photons and p j i the probability that a photon emitted from voxel i will be detected at bin j without scattering. Conditional on , the distribution of y j is y j Poisson s j + exp ?t j ln 2
Henceforth, the time dependence exp (?t j ln 2=H) is not explicitly indicated. Scatter e ects can be modeled in the detection probabilities 32, 33, 34, 35], but doing so greatly increases computation requirements. Equation 4 suggests an alternative approach in which S is assumed to be a known constant independent of . (A similar approach has been taken for treating accidental coincidences in PET 2, 36] .) Many methods for estimating S have been investigated 37, 38, 39, 40, 41, 42, 43] ; here, the scatter-window method 42, 43] is employed.
The di ering physics and geometry of PET imply di erent detection probabilities p j i , but otherwise, the Bayesian method presented here is essentially the same for SPECT and PET. Thus, the ECT analogue of Equation 2 is
where p(y j j ) is the Poisson distribution indicated by Equation 4. The most signi cant di erence between this expression and Equation 2 is that here each measurement y j depends in general on all components of . This alters the full conditional probability for and reduced conditional probabilities for R and . Image reconstruction via these conditional probabilities is the topic of Section 3. 
is the probability that a photon emitted from voxel i will be detected. The termn i is the expected number of non-scattered, detected photons from voxel i given and Y 1, 2, 3].
When r iP i , Equation 7 reduces to i r i and there is strong within-region smoothing. When = 0, there is no smoothing and an ML-EM algorithm is obtained (see Equation 17 and the Appendix).
Classifying Individual Voxels
It is not e ective to update r i from its full conditional probability. From Equation 5, this distribution is p(r i = kj ; R ?i ; ; ; Y ) / exp (? ln k ? i = k ) p(R). The symbol R ?i represents all components of R other than r i . Apart from the in uence of p(R), which is important, this distribution is concentrated on regions with mean activities i . In turn, estimated values of i are generally near r i . This follows from the ill-conditioned nature of SPECT reconstruction into voxels: At typical clinical count levels, there are many values with relatively high likelihood. Among these, the posterior distribution favors those with high prior probabilities, and these are just values in which voxel mean activities are near region mean activities. (This and other Bayesian models are proposed largely for the purpose of constraining in this way.) Thus, apart from the in uence of p(R), updates of r i from its full conditional probability tend to leave R trapped near its initial con guration. is evaluated for each region that touches voxel i, and r i is updated to the most probable region.
With observations in the image space, use of reduced conditional probabilities for R increased by a factor of thirty the number of region-classi cation changes per iteration of Gibbs sampling 20]. Likewise with SPECT, deterministic updates using full conditional probabilities left the segmentation R trapped near its initial value, whereas updates using reduced conditional probabilities for R improved the segmentation and provided better image contrast and quantitative accuracy 47].
Estimating Region Mean Activities
The relation between and is similar to that between and R in that the full conditional distribution for k is concentrated about the average for voxels in region k. The Newton-Raphson procedure gives the conditional maximum a posteriori estimate of . Most components of are well determined by Equation 12 , because of the large number of observations and comparatively small number of regions. However, the estimation may be ill-conditioned with regard to small regions, and for those regions, estimated mean activities can be noisy.
Merging Regions
Within our deterministic estimation approach, adjacent regions are merged if doing so increases the posterior probability. This merging could be accomplished as follows: for the two segmentations corresponding to a pair of adjacent regions being either merged or distinct, determine the region means that maximize Equation 12; then evaluate the posterior probabilities of the two segmentations, using the optimal for each case, and choose the more probable segmentation.
Applying this test to all pairs of adjacent regions could be computationally cumbersome since it would require optimizing for many segmentations. Accordingly, we consider an approximation to the above procedure. Region merging a ects several components of the posterior probability: the t to the data, the potential V C K on the number of regions, the regularity potential V C R , and the anatomical potential V C A . The likelihood ratio test 30] is similar to evaluating the trade-o between the rst two components | an improved t to the data and a potential V C K (R) = K on the number of regions (Section 2.1). In turn, the likelihood ratio test can be approximated as 
is asymptotically normally distributed with mean 0 and variance 1. Our procedure then is to merge adjacent regions if Z is below a threshold Z 0 and if merging does not substantially increase the anatomical potential (see below). For small regions, the Fisher information does not accurately estimate posterior variances, and this region-merging procedure may be inaccurate. To overcome this problem, a lower limit is placed on region sizes, and all smaller regions are merged to the adjacent region with the smallest Z. Both detector resolution and noise level in uence the choice of minimum size. The study of Section 4 applies a minimum size of 0.33 ml, which is the volume of an 8.6 mm-diameter sphere | 8.6 mm is the full-width-at-half-maximum of the gamma camera resolution for photons emitted from the image center. The potential on irregular region shapes may not strongly in uence region merging, but the anatomical potential does. Because radiopharmaceutical concentration is correlated with anatomical tissue type and because the anatomical prior encourages individual ECT regions to stay within a single anatomical region, most ECT regions have most of their volume within a single anatomical region. If two ECT regions are in the same anatomical region, the anatomical prior has no in uence on whether they merge. If they are in di erent anatomical regions, merging them increases the anatomical potential V A (R) (Equation 3) by 2 v, where v is the volume in voxels of the smaller ECT region. This increased anatomical potential would generally outweigh the reduction in the potential V C K (R) (Section 2.1). For example, for the Bayesian reconstructions in this paper ( = 0:1 and voxel width = 0:178 cm), merging the smallest possible region (0.33 ml, 59 voxels) would increase the anatomical potential by 12. Thus, the anatomical prior precludes the merging of ECT regions that reside in di erent anatomical regions. When the Z-test above is used and the anatomical prior is employed, ECT regions are not allowed to merge if they fall predominantly in di erent anatomical regions.
Creating Regions
New regions are created by identifying zones where they may be needed, tentatively introducing these zones as new regions, and then applying the region merging test. The estimated number of detected photonsn i from each voxel i is computed, as speci ed by Equation 8, using the projection data Y and the current estimate of . Thisn i is then compared to its hypothetical distribution given that is correct. Sincen i is the sum of a large number of random variables, we use a normal approximation to its distribution. The mean and variance of the normal distribution given can be computed from Equation 8 using E y j j ] = V AR y j j ] = s j + P nvox k=1 p j k k : E n i j ] = iPi ; (14) V AR n i j ] = nbin X j=1 (p j i i ) 2 s j + P nvox k=1 p j k k : (15) Departures ofn i from iPi by two or three standard deviations q V AR n i j ] are reasonably consistent with the current estimate of , whereas greater departures indicate that a new region may be needed. In order to examine spatial trends in these departures, a residuals image is formed in which the value at voxel i is
Peaks in the residuals image indicate volumes where new regions may be needed. The residuals image is segmented by growing sixty or so regions about the highest peaks. A gure of merit is computed for each segmented region by considering the estimated total number of photons emitted from that residual region. The procedure is a region analogue to that described above for computingn i and the signi cance of its departure from iPi . Let The twenty residuals regions with the highest gures of merit are added to the ECT segmentation, and the region-merging test is applied. When adding these regions, they are rst re-grown from their peaks, this time to either 50% of their peak value or to a presently existing border between ECT regions, whichever is encountered rst. The six new regions with the highest Z values are retained, provided they have Z > Z o , and the remaining regions are merged back to their parent regions. The speci c limit of six new regions per iteration is somewhat arbitrary. The idea is to iterate between adding a few new regions and re-classifying individual voxels.
In the brain phantom reconstructions discussed in Section 4.2, spurious residuals regions with high gures of merit form in the low-activity zones outside the brain. These spurious residuals may arise because, as indicated by Equation 15, the standard deviation ofn i decreases approximately linearly with i , so that in low-activity zones, small errors in the detection probabilities p j i result in discrepancies betweenn i and E n i j ] that are large compared to this standard deviation. To allow for valid new regions in low-activity zones but prevent spurious, low-activity regions from dominating the algorithm, a heuristic procedure was adopted in which at most four of the twenty tentative new regions were allowed to come from low-activity zones. To insure convergence of the algorithm, no new regions were allowed in low-activity zones after a total of thirty new regions had been added.
Overview of Image Estimation
Parameter estimation begins with an initial segmentation R, which might be just the anatomical segmentation. The estimation procedure then iterates over the following four steps: 
Test for creation of new regions (Section 3.5).
Convergence of this procedure can be monitored by the percent of region classi cations that change and by the number of new regions added. After convergence, within-region variation can be estimated by iteratively updating via Equations 7 and 8. Ten to a hundred iterations may be needed, depending on the degree of smoothing. A more exact treatment of within-region variation would update before each execution of steps two and four above, so that within-region variation would be modeled when voxels are reclassi ed and when residuals are computed, but doing so might be prohibitive computationally. Another scenario would be to estimate within-region variation and then iterate multiple times over step two. Such possibilities are a topic for future work.
Experimental evaluation 4.1 Methods
The above reconstruction procedure was tested using SPECT and MRI scans of the 3D Ho man brain phantom (Data Spectrum Corporation, Hillsborough, NC). The phantom implements a radiopharmaceutical distribution characteristic of ECT cerebral blood ow studies 50]. The phantom is composed of 19 circular, 6.4-mm-thick, lexan sections, stacked one atop another and placed in a cylindrical lucite container. For the SPECT scan, a cold lesion was created by placing rubber plugs in 2 adjacent sections of the phantom, as shown in Figure 2 . These plugs were not present during the MRI. Thus, the plugs simulate a functional defect that is not visible with MRI, such as an arterial occlusion. Part of the evaluation of the Bayesian reconstruction procedure concerned whether it could detect this lesion and accurately quantify its volume and activity. The MRI was aligned to an ML-EM reconstruction of the SPECT data by surface tting 51]. An evaluation of this registration method using this same brain phantom found it to be accurate to within 2 mm near the perimeter of the brain and to within 1 mm near the center 52]. The re-aligned MRI was segmented into intensity-di erentiated, connected regions. From this segmentation, an anatomical prior distribution was formed (Section 2.2).
The SPECT scan was performed on a 3-headed Trionix Triad (Trionix Research Laboratory, Inc.; Cleveland, Ohio). For each of the 3 gamma cameras, data were acquired into 3.6-mm-wide detector bins at 120 angles equally spaced over 360 degrees. This provided 3 independent sets of SPECT projection data, and each set was reconstructed separately. Lowenergy, ultrahigh-resolution (LEUR) collimators were employed, and the radius of rotation was 14 cm. Gamma camera resolutions were 9 mm full-width-at-half-maximum for photons emitted from the center of rotation and 5 mm for photons emitted from the detector-side edge of the phantom. The primary energy-window was set at 140 keV 7.5%. For each gamma camera, approximately 9 million events were acquired over the 34 projection slices that spanned the brain; this is about 270,000 events per slice.
Both ML-EM and Bayesian reconstructions were performed for the SPECT data. On iteration m + 1 of ML-EM reconstruction, voxel intensities were updated as
As with the Bayesian model, this ML-EM algorithm excludes scatter e ects from the detection probabilities p j i . Essentially the same algorithm has been derived for treating accidental coincidences in PET 2, 36] . Equation 17 can be obtained from Equation 7 by setting = 0. Its derivation within the ML-EM framework is outlined in the Appendix.
The ML-EM reconstructions utilized 3.6-mm-wide cubic voxels. For Bayesian reconstructions, 1.8-mm-wide voxels were used. MRI can delineate anatomical regions at a 1.8-mm scale, and 1.8-mm ECT voxels allow the anatomical prior density to accurately represent the sizes and shapes of these anatomical regions. With a coarser voxel size, the anatomical prior might encourage ECT regions to be too large or too small, which would tend to render estimated region mean activities either too low or too high, respectively.
Mean numbers of scatter events at the detector bins | S of Equations 4 and 17 | were estimated using a scatter energy-window placed at 108 keV 17.5% 42]. At peripheral detector bins (bins just outside the projection of most of the radiopharmaceutical activity), scattered photons comprise a large fraction of total measured photons, and the scatterwindow method mis-estimates the shape of S 43]. In the Bayesian reconstructions, these scatter e ects cause spurious residuals throughout the brain. To avoid this e ect, peripheral bins were excluded from the Bayesian reconstructions.
Radioisotope decay was modeled as in Equation 4 . Accurate yet practical modeling of attenuation and spatial resolution was accomplished by restricting the number of reconstructed voxels and then pre-computing and storing nearly all information needed to model direct-photon detection probabilities 53, 54] . This required about 50 megabytes of memory, mostly for storing attenuation-survival probabilities. The Bayesian estimation procedure increases memory requirements signi cantly, to about 350 megabytes. It converges in 10 to 20 iterations, and on a DEC Alpha 3000/500, requires 140 minutes per iteration. Subsequent updates of require about 30 minutes per iteration. Both procedures would of course proceed considerably faster with a more standard voxel size.
The primary free parameters in the Bayesian procedure are the minimum region size (see Section 3.4), Z 0 , , , , and . In principle, optimal values for many free parameters (or hyperparameters) can be estimated within the Bayesian framework 15], and doing so is one direction in which the present model can be developed further. For this paper, these parameters were determined partly by trial and partly by heuristic considerations. The region-merging threshold Z 0 was set to 3:5, which is approximately the threshold needed to limit false positives given the region sizes and image volume considered here 31]. The parameter was selected to impose desired levels of smoothing within regions. For the regularity potential, = 14 was chosen after sampling from this potential using a range of values. Reasonable values for and | the strengths of the regularity and anatomical potentials, respectively | vary with voxel size and noise level. The values = 0:03 and = 0:1 were determined by trail. Values of greater than 0.3 were found to suppress the re-classi cation of individual voxels to such an extent that numerous new regions were required. For the regularity prior, if is too large, it rounds out ECT regions so that they do not follow anatomical regions. The value = 0:03 is su ciently low to prevent this. 
Results
In this section we discuss in detail reconstruction results for 1 of the 3 independent sets of SPECT projection data and then summarize results for the other 2 sets. Figure 3 shows iteration 50 of ML-EM reconstruction for the rst projection data set. The image has been interpolated into 1.8-mm-wide voxels for comparison with the Bayesian reconstructions. The rst 7 slices shown correspond to the 2 phantom sections of Figure  2 . A reduction in activity can be seen in the location of the lesion, particularly in slices 4 through 8. Iteration 400 of ML-EM is shown in Figure 4 . Comparisons between Bayesian reconstructions and higher iterations of ML-EM are appropriate because only at higher iterations does ML-EM approach the same contrast recovery as is obtained with the Bayesian procedure.
The initial Bayesian estimate of radiopharmaceutical activities is presented in Figure 5 . In this estimate, voxel intensities have been equated to the most probable region mean activities given the initial, anatomical segmentation. This gure thus indicates the anatomical segmentation. Figure 6 shows iteration 10 of Bayesian reconstruction. A new region corresponding to the rubber plugs is seen. That region was introduced during iteration 2 with Z = 5:7. Its initial estimated volume was 0.78 ml, and its initial estimated mean activity was 230; 000 80; 000 (230k 80k) emissions per voxel. In comparison, the estimated gray matter mean activity was 677k 1k. By iteration 4, estimates for the lesion converged to 0:76 ml and 45k 84k emissions per voxel. The indicated uncertainties in estimated mean activities are conditional on the segmentation. Marginal uncertainties are greater. In slices 1 and 2 of Figure 6 , the dark voxels in the lesion location are an extension of a neighboring low-activity (ventricle) region; that is, in these 2 slices the reduced activity was reconstructed by reclassifying voxels rather than via the new region. Figure 7 shows the residuals image (Equation 16) just before the lesion was detected. Several other new regions are present in Figure 6 . The hot spot in the center of slices 1 through 4 probably results from noise. It also appears at iteration 400 of ML-EM recon- struction. The ML-EM images, Figures 3 and 4 , include many other spurious hot and cold spots that are eliminated in the Bayesian reconstruction. Another example of noise e ects is provided by the central hot spot just posterior to the lesion in slice 8. The corresponding region has a volume of 51 ml, but its thickness along the axial direction is only 3.6 mm { small compared to the scanner resolution of 9 mm. This hot spot is not present in ML-EM reconstruction. In addition to the test lesion, there are ve other cold-spot new regions in the gray matter of Figure 6 . These might be either air bubbles in the radioactive aqueous solution or the result of noise. We veri ed quantitatively that these cold-spot regions are also regions of reduced activity in the ML-EM reconstruction.
Twenty-ve iterations were performed. A total of 40 new regions were added, all during the rst 10 iterations. On many of the remaining iterations, 1 or 2 small regions (near the minimum size of 0.33 ml) were added and then merged away on subsequent iterations. Of the voxels that touched more than one region, the percent re-classi ed were 5% on iteration While the above percentages may appear small, they represent a considerable fraction of the total adjustment to the initial segmentation. Of the voxels that touch more than one region, each 1% constitutes a volume of 18.6 ml, which is 24 times the volume of the lesion. An illustration of voxel re-classi cation is provided in slices 4 through 7 of Figures 5 and 6 . The arrow above slice 6 in Figure 5 indicates an area that was initially classi ed as white matter but is actually gray matter, as seen in the photograph of Figure 2 , right section. The initial mis-classi cation resulted from an artifact in the MRI. By iteration 10 of the Bayesian procedure ( Figure 6 ) most of these voxels have been correctly re-classi ed as gray matter.
To evaluate the quantitative accuracy of the Bayesian procedure, the volume of the 2 rubber plugs was measured directly by immersing them in a graduated cylinder of water and was found to be 0:78 0:04 ml. This agrees well with the Bayesian estimate of 0:76 ml. The estimated lesion mean activity, 45k 84k emissions per voxel, is also consistent with the true value of zero. Note that, to within gamma camera resolution, an overestimate of lesion volume can be o set by an overestimate of lesion mean activity (that is, an underestimate of the reduction in lesion mean activity relative to the gray matter background). A quantity less variable than volume or mean activity considered separately is the total number of emissions by which the lesion reduces activity. A \true" or gold standard value for this quantity was evaluated using (i) the direct volume measurement, 0:78 0:04 ml, (ii) the estimated activity in the surrounding gray matter, 677k, and (iii) the volume per voxel, (0:178cm) 3 . This gave a gold standard value of 94; 000k 5; 000k emissions. The Bayesian estimate of total activity reduction was obtained from the Bayesian estimate of lesion volume, 0.76 ml, and from the di erence between estimated gray matter activity, 677k, and estimated lesion activity, 45k 84k. The Bayesian estimate was 85; 000k 11; 000k emissions, which is consistent with the gold standard value to within uncertainties computed conditionally on the estimated ECT segmentation.
For the second SPECT projection data set, the Bayesian procedure again reconstructed the test lesion by introducing a new region. After convergence, Bayesian estimates of volume and activity for that region were 1:00 ml and 66k 74k emissions per voxel. The estimated total activity reduction was 110; 000k 13; 000k emissions, which is consistent with the gold standard value for this data set, 95; 000k 5; 000k. For the third set of projection data, the lesion was reconstructed not by a new region but rather by extending the nearby, zero-activity ventricle region into the lesion volume. This representation of the lesion is discouraged by the anatomical prior, but is possible and reasonable since the test lesion and the zero-activity ventricles are very nearly adjacent. In the resulting image, the lesion is highly detectable, but it is undersized, because the anatomical prior minimizes the number of ECT ventricle voxels that extend into anatomical gray matter. Having visually detected the lesion in the Bayesian image, it is useful to seed a region there so that its volume and activity can be accurately and automatically estimated. This was accomplished by manually setting a broad region-of-interest (ROI) about the lesion volume and having software form a new region from any ECT ventricle voxels in that ROI that extended into anatomical gray matter. The Bayesian reconstruction was then re-started with this new region and run to convergence. The volume of the new region approximately doubled, to 0:86 ml. Its estimated mean activity was 50k 70k, and the estimated total activity reduction was 100; 000k 11; 000k, which is consistent with the gold standard value for this data set, 97; 000k 5; 000k. Hence, for all three projection data sets the Bayesian procedure estimated mean activities and total activity reductions that were consistent with true values, to within statistical uncertainties estimated conditionally on the ECT segmentation. Bayesian estimates of lesion volume were 2% below, 29% above, and 11% above the directly measured value.
The reconstruction of Figure 6 assumes an in nitely high . To estimate within-region variation, was iteratively updated as described in Section 3.6, beginning with the parameter estimates at iteration 10 of the Figure- is shown in Figure 8 . This estimate utilized = 1:8. For gray-matter voxels near the brain's perimeter, P 34, so this implements 5% smoothing for those voxels (see Equation 7), and stronger smoothing for white-matter and ventricle voxels and for voxels near the brain's center.
Discussion
A Bayesian approach is presented here for simultaneously segmenting and reconstructing emission tomography images and for incorporating anatomical a priori information. This approach models ECT images as consisting of regions, such that all voxels within a given region have similar mean activities. Such modeling is useful for reducing noise while obtaining high-contrast estimates of region activities, and is also important because it is usually regions, rather than individual voxels, that are of interest. Random variables of the model include region mean activities and the mean activities and region classi cations of individual voxels. The number of regions is not known a priori and is estimated. Anatomical a priori information is incorporated as part of a prior distribution on the segmentation. Values for random variables are estimated by iteratively updating their conditional probabilities. For estimates of voxel classi cations r i and region mean activities , it is shown that use of full conditional probabilities can trap the segmentation and can slow updates of . Accordingly, reduced conditional probabilities are obtained and utilized. A procedure is developed for identifying tentative new regions and assigning them gures of merit, and a method is given for evaluating whether the posterior probability favors merging adjacent regions.
The most apparent advantage to incorporating anatomical information is that many ECT boundaries correspond to anatomical boundaries, and these boundaries can be determined with a spatial resolution that is not possible using ECT projection data alone. However, the anatomical information may also help with ECT boundaries that are not present anatomically. One viewpoint from which to see this is that the region merging and region creation procedures utilize region mean activities and uncertainties that are conditional on the current segmentation. By holding the segmentation closer to its correct value, anatomical a priori information may improve region merging and region creation. A second viewpoint is illustrated by the cold lesion in the brain phantom reconstructions. Because ECT reconstruction is ill-conditioned, the decreased projection events caused by the cold lesion could be reproduced by many values. For example, they might be accounted for by a di use enlargement of the nearby white-matter region. By encouraging ECT borders to align with anatomical borders, the prior discourages such values and increases the probability that the lesion will be represented by low-activity voxels within the lesion's true volume.
Anatomical and ECT boundaries may di er in several ways. For example, a single anatomical region may contain multiple ECT regions. (This is analogous to missing anatomical edges in the line-site approach.) In such cases, the Bayesian reconstruction can introduce new ECT regions, and the anatomical prior does not penalize this. A second possible dif-ference is that a zone of uniform ECT activity overlaps two anatomical regions (which is comparable to extra anatomical edges in the line-site approach). In these cases, the anatomical prior favors two ECT regions, one on each side of the anatomical border. For many applications, this is a useful property. In cerebral blood ow studies, for example, it would be unusual for a portion of gray matter to have the same activity as white matter, and in such cases, a new region should be created so that the abnormality is highlighted and its volume and activity estimated. In the brain phantom study, the test lesion's estimated activity is consistent with that of white matter to within statistical uncertainties, but the anatomical prior prevents the test-lesion region from merging with white matter. This is useful since the lesion is in fact a defect in gray matter rather than an extension of white matter.
Results for the phantom and three projection data sets considered here are promising. The test lesion was detected and its volume and activity accurately quanti ed. Many spurious structures present in the ML-EM reconstruction were eliminated. Additional studies are needed to evaluate more fully whether Bayesian reconstruction using anatomical a priori information can improve detection and quanti cation for emission tomography. ).
